This paper aims to develop and test a method that enable to semi-automatically extract coastline independent of the beach type and study location. The proposed technique is based on the object-oriented approach of image feature extraction and takes into account the spectral as well as spatial variability of land features. The method combines object-based image analysis (OBIA) technique and spectral attribute information for the generation of classification rules for landside-seaside feature separation through satellite images. To evaluate the efficacy of the proposed approach and the performance of the developed rules, two different study locations with totally different coastal geomorphic features (coastal plains, bay beaches, rocky cliffs, etc.) have been used to extract coastline. The method is tested with two different sensor-driven images having medium (Sentinel-2) and high (Orbview-3) spatial resolution. The produced results are quantitatively evaluated by comparison with manually digitized coastline features. The distance measurements between the OBIA and manually extracted coastlines are used to measure the degree of consistency and inconsistency. The proposed method is found to be successful in the coastline extraction from both the datasets with the consistency of 95 to 99%. The higher agreement between the extracted coastlines for each type of coastal location indicates the higher precision and efficiency of the proposed workflow.
Introduction
The coastline is a dynamic imagery line along the coast that changes both due to local or global factors and subject to frequent modifications at time scales of hours to centuries and more. It is defined as land's edge at the end of high tides [6, 7] . The coastline position differs naturally according to the changes in sea level, altering wave conditions, transportation of sediments on and alongshore, beach development initiatives and other anthropogenic mechanisms [17, 46] . These dynamic changes in the coastline at an instant of time can be extracted from the satellite images [15] . The choice of satellite data, which can and should be used for coastline demarcation, relies on the measurement scale, pixel resolution and price [28] . The conventional methods of coastline identification and demarcation [11] such as ground surveying, aerial photogrammetry [16] , etc. are well established and produce accurate results. However, these processes are very time-consuming and costly in comparison with temporal satellite images, especially when one need to repetitively (at seasonal or annual scales) monitor the coastline to decipher the sea-level variations due to climate change [40] . The advances in satellite remote sensing and GIS enabled to overcome these deficiencies. In the nasal stage of development of geospatial technologies, on-screen digitization was extensively employed to extract line features, including the coastline [22] . This technique is plagued by human-induced errors [4] and often extravagant when the process needs to be repeated over time. However, the progress in image processing techniques, specifically pixel-based image classification methods, helped to overcome this shortcoming. Such image classification techniques fail to consider the spatial entity relationship that exists between different pixels [45] . Moreover, inaccuracies will creep in while attempting to classify the linear features like coastline based on pixel classifiers. To overcome this problem, object-based image analysis (OBIA) is used for feature extraction in recent times [8] . The method has also been used in the extraction of linear dynamic features such as coastline [13, 34, 43] . The combined utilization of both spectral and spatial characteristics of the features in the satellite images increases the reliability of coastline detection [35] .
Coastline extraction through digital analysis of satellite images is a two-phase process that involves the selection of coastline indicator feature and then the recognition of the selected feature in the data source [9] . The indicator feature is a characteristic used to depict the "real" coastline position [14] . The coastline can be easily extracted by means of spectral data from low-and medium-resolution satellite images because of its distinct characteristics for wet and dry features [27] . There are many methods of extraction of coastline from satellite images [47] . In edge detection approaches, various edge detection algorithms are used to find edges of wet or dry surfaces corresponding to sea or land margins [25, 32, 33] . But the method fails to extract coastline as a continuous feature [23] . The band thresholding methods use a threshold value, based on manmachine interaction, to segment sea and land [2, 18] . The threshold setting is directly dependent on the expert's experience and knowledge. In classification approaches, hard classifiers [36, 38] , soft classifiers [12, 30] , rule-based methods [44] , etc. are used to separate the image into different components. The image fusion techniques gather data from different sources to merge and extract the coastline [24] . Each of these methods has its own advantages and disadvantages. However, these methods are likely to give accurate results when the coasts are regular and uniform with least perturbations in the coast. In reality, coastlines are complex geomorphic entities having varied reflectance for different types of seacoasts. Complex reflectance also arises due to tidal fluctuations wherein two prominent waterlines, high and low tidal lines, are revealed in satellite images. These tidal lines can be digitally extracted with a reasonable level of reliability. In such conditions, robust and automatic approaches are required for coastline extraction.
The present study aims to develop a methodology to map the coastline using the object-oriented technique by deploying different rulesets consisting of spectral and spatial characteristics and to produce a feature extraction algorithm for semiautomated retrieval of coastline. In this analysis, the coastline is taken where there is a transition from wet to dry sandy area in the open beach areas and seaside boundary of the seawall in the bounded regions. The process of landside (dry) and seaside (wet) feature separation based on OBIA is used for the extraction of the coastline.
Study Area
The study area considered the coastal zone of Ernakulam and Thiruvananthapuram district of Kerala, India. In Ernakulam submergence coast and in Thiruvananthapuram district, an emergent coast has been chosen. In Ernakulam, the entire coastal stretch is considered during study, whereas in Thiruvananthapuram, the coast of Pozhiyoor to Thiruvananthapuram (Fig. 1) is only considered to capture the variations in coastline configuration and coastal geomorphic conditions. The study region in Ernakulam district is located in the western physiographic area of the coastal plains. The beaches here are lined up with beach bays (Supplementary material, Fig. S1 ) which are artificially inundated by dredging the beach sands. The major morphological features along the Thiruvananthapuram coast area are coastal plains and rocky cliffs (Supplementary material, Fig. S2 ). Vizhinjam international deep-water multipurpose seaport, which is under construction, is excluded from the analysis due to an indeterminate coastline position.
Materials and Methods

Data Sources
The high-resolution Orbview-3 acquired in 2005 (Supplementary material, Table S1 ) and medium-resolution Sentinel-2 images of the year 2018 (Supplementary material, Table S2 and S3) are used in this study for coastline extraction. The Orbview-3 multispectral images are at the spatial resolution of 4 m with bandwidth ranges from 450 to 900 nm, while the Sentinel-2 images are in the bandwidth range of 443 to 2190 nm. In the case of the latter, this study used spectral bands of blue (490 nm), green (560 nm), red (665 nm) and NIR (842 nm) having 10-m spatial resolution. The date of the satellite pass has been selected in such a way that the time of pass lies almost midway between high and low tide for that day. It would help in reducing the inaccuracies in coastline detection since the effect of the tide is least in this case.
Methodology
The proposed method in this study is a semi-automatic process of coastline extraction. A rule algorithm classification technique based on OBIA approach [8] has been used with high-and medium-resolution satellite images to delineate the coastline. The coastline lies midway between high and low waterline is the result of tide and wave actions. In this study, the instantaneous waterline is extracted because of its dynamic nature, and this corresponds with the high tide line which is denoted by the highest watermark or wet region in the beach areas. In areas of cliffy coast, as observed in Thiruvananthapuram study site, the foot of the cliff is considered as the coastline. The main objective of the proposed method is to use object-level information derived from different spectral bands to separate landside and seaside areas near the coast. The technique focused on the instantaneous extraction of coastline from an object-based approach using rule-based classification ( Fig. 2) . A reference coastline extracted by the process of on-screen digitization is used for the validation of the results and considered as the actual location of the coastline, given that the sea-land boundary obtained manually is more comparable than the image processing-based boundary.
Image Segmentation
The segmentation is performed to fragment the image into homogenous and nonoverlapping regions based on its spatial characteristics using multiresolution image segmentation algorithm [37] . This bottom-up approach merges image pixels or the existing regions of pixels (objects) based on homogeneity criteria, to form larger objects, and it locally reduces the degree of heterogeneity at a given spatial resolution [5] . The image segmentation has been carried out using scale, compactness and shape parameters [3] . The scale decides the average size of image objects and distance between the object centres [26] and depends upon the spatial resolution of the satellite image as well as features of the study region [20] . The colour gets predominance over shape during segmentation when a higher value is selected for the former. The shape parameter comprising compactness and smoothness jointly expresses the textural homogeneity of the image objects resulting in the formation of dense image objects with higher compactness [41] . The precision of segmentation, as well as the overall impact of object-based classification, depends on the fragmentation scale [1, 21, 42] . Subsequent to segmentation, to reduce the problem of over-segmentation in the seaside area, the multiple segments created over the sea area are merged together using the region merge algorithm. The merge region process only reduces the number of image objects and does not alter the initial segmentation results.
Image Classification
The classification is primarily intended to separate the wet areas from the dry ones and then to extract the coastline. The object-oriented rule-based classification process is performed to segregate the wet and dry features by assigning them to the seaside and landside, respectively. The assignment of image objects to their respective classes is performed with the help of spectral attributes calculated over available spectral bands in the dataset. The classification process is initiated with the calculation and selection of spectral attributes. The selected attributes have been further utilized for the generation of classification rules which are defined based on thresholding approach. The initial segmentation parameters and the sequence of classification rules are kept identical for both satellite images and for all types of coasts. Only the threshold values selected at the various stages of the ruleset is different under different reflectance conditions for the same area. However, very little difference is observed in the values of partially wet and dry features. This indistinctness makes the task of separation of land from the sea over the sandy beach areas somewhat difficult.
Coastline Extraction and Smoothing
The extracted coastline through OBIA is irregular (step-like) in shape since it is obtained from pixels, whereas in the real world, the shape of the coastline is much regular and smoother. A smoothing function known as polynomial approximation with exponential kernel (PAEK) is implemented to generate a more realistic coastline [10] . This algorithm generates a smooth line that will not pass through the vertices of the input line. It will create new vertices based on the smoothing tolerance value opted.
Accuracy Assessment
The robustness of the applied technique was tested under two different conditions; one based on the difference in spatial resolution and the other on the variations in coastal geomorphic features. The on-screen digitized coastlines from different satellite images are used as references for comparison. These manually digitized lines are considered more accurate since the analyst's expertise is used to demarcate the coastline. The Digital Shoreline Analysis System (DSAS) [39] , developed by United States Geological Survey (USGS), originally intended to detect the coastline changes, is used to carry out the comparison of results. Net shoreline movement (NSM) function of DSAS has been used for this comparison. This function calculates the perpendicular distance between the input and the reference coastline at user-defined spacing [31] . The resultant value indicates the net difference between coastlines according to the distance rather than the mean value [19] .The whole process is carried out in 3 main phases, namely, (a) creation of baseline, (b) establishment of transect lines (c) and calculation of coastline consistency between the manual and automated methods. The baseline is created on the basis of the orientation of OBIA extracted and reference coastlines. The transect lines are laid orthogonally from the baseline along the coast. The obtained coastline inconsistencies are classified into 5 distinct distance classes (1/5, 1/3, 1/2, 1 and > 1 pixel size) based on the calculated positional difference between OBIA extracted and manually digitized coastlines. The number of transects that lies in each class is also determined to calculate the average inconsistency and root mean square error (RMSE) for that particular seacoast. The overall contribution of these coastline inconsistencies at different pixel sizes is also estimated for each case.
Results
Image Segmentation
In the present study, the segmentation parameters are finalized ( Table 1) through an iterative process. The scale parameter is tested repeatedly at an interval of 5 before making the final selection. The selection of lower value is made to form small objects and to segment the areas near the coast effectively. Higher weight is assigned to the colour as compared to shape as it is more accurate to segment the image on the basis of spectral properties as compared to its shape. The higher compactness with minimal smoothness is selected for the image objects. With segmentation, image is partitioned into several objects, and object-level information is created from the pixels (Fig. 3a) , and the individual segment is described by the mean value of the pixels. The mean value for each segment is computed separately for each band from their DN values. The over-segmentation in sea region is corrected using merge region process and a rule-based on object values in the NIR wavelength. The merging is performed only to reduce the complexity of the initial objects (not to separate the exact sea-land boundaries). The produced object primitives by the segmentation and merge region process (Fig. 3b ) are used for classification.
Spectral Attribute Calculation and Selection
In this study area, the region of segregation is dominated either by water, sand or vegetation. For coastline extraction, it is necessary to separate sea and wet sand areas from the vegetated, built-up and dry sand areas.Water considerably absorbs near-infrared radiation (NIR) and allows green and red radiations to pass through. In contrast, vegetation and dry sand strongly reflect NIR [29] . Therefore, the two-band ratio and differencing approach have been used for rule definition during classification. Initially, the ratio and difference of each selected band are performed with the remaining bands that finally come up with the 12 possible combinations of spectral attributes (Supplementary material, Table S4 ). Among this set, such attributes have been selected that describe maximum spectral separability between seaside (wet) and landside (dry) features. The final selected attributes for rule classification are red/NIR, green/red and NIR-red. The image object information present in these selected attributes has been used for defining rules for classification.
OBIA-Based Seaside-Landside Separation
The criteria for the selection of threshold value for each rule are object values indicating the sudden transition between wet and dry features. This optimum value is selected by analysing the available range of object values (Supplementary material, Table S5 and S6). The difference and ratio between NIR and red band are used to assign dry and wet features to landside and seaside class, respectively. These two rules classified almost 90% of the image objects to their respective classes. The only objects near the coastline (that are partially wet) remained unclassified, such as wet sand on beaches and wet seawall near the coastal ridges/dune heads. These areas are found to be the regions of ambiguity for this approach and are classified using the rule-based on green and red wavelengths. After the implementation of the above rules, very few objects remained unclassified. The manual class assignment method was employed to classify these objects because they are very small in size and less in number ( Table 2 ). But in the case of Sentinel-2 imagery, the remaining unclassified objects are higher, as mixed pixels near the coast restrict their assignment to different classes. To address this problem, additional rules are implemented for Sentinel imagery to assign remaining features to their respective classes ( Table 2) . At the final stage, merging of the objects is performed within each class to extract coastline as a continuous feature. The classification procedure based on the defined rules produced an image (Fig. 3c ) showing seaside and landside features, and the final image objects (highlighted with black in Fig. 3c ) are exported as a vector layer for further processing. 
Coastline Extraction from Image Objects
The resultant image objects from the OBIA and rule-based classification process are irregular polygon features of different shapes and sizes (Fig. 4a) . These closed polygons are firstly converted to the line feature and to extract coastline, all the extraneous lines are removed except the line laid over the coast (Fig. 4b) . The extracted coastline before and after smoothing operation is compared at different smoothing tolerance values (Supplementary material, Fig. S3 ). After comparing the shape of the coastline at different values, the smoothing tolerance of 50 is selected for PAEK implementation. At this tolerance, the 
Discussion
Accuracy Assessment
The accuracy of the proposed approach and the developed ruleset has been assessed to check its robustness for various seacoasts and spatial resolution. The transect spacing of 10 m is selected to capture the minor inconsistencies, and the transect length (m) is chosen in such a way that it will intersect the input and the reference coastline vectors (Fig. 5 ). The manually digitized coastline from each input satellite image has been compared with its OBIA extracted coastline.
Accuracy Measurement in the Study Region of Ernakulam District
In Ernakulam district, the average inconsistency for Orbview-3 and Sentinel-2 imageries is found to be 1.58 and 4.05 m respectively, which lies within half a pixel. It indicates the better efficacy of developed method for the high-resolution dataset as compared to coarser resolution (Supplementary material, Table S7 and S8). The Orbview-3 images have high spatial and spectral resolution that makes the information extraction (such as threshold selection) more complicated as compared to medium-resolution images but produce highly precise results. The Sentinel-2 data has less spectral differences, but the proportion of mixed pixels is very high. The mixing of dry and wet features into single pixel acts as a significant limitation and affects the coastline extraction results.The higher range inconsistencies are found along the beach bay areas for both the resolutions. These locations are subjective to human interventions on daily basis which results in modification of beach features and their reflectance properties. For Orbview-3 image, total 96.60% of coastline is consistent within a pixel, and 77.46% of consistencies are found within half a pixel size (Table 3) showing high precision of extracted coastline. An equivalent amount of precision is also observed for Sentinel-2 dataset where 95.25% and 67.99% of coastline are calculated within one and half pixel sizes, respectively. In case the beach bay locations are omitted from the consistency analysis, the accuracy of the results improved to 99% in both satellite images.
Accuracy Measurement Under Different Coastal Geomorphic Conditions in the Study Region of Thiruvananthapuram District
In Thiruvananthapuram district, the coastal features are very different from the Ernakulam region. The average inconsistency between extracted and reference coastlines from Sentinel-2 data is observed to be 4.98 m with total RMSE of 6.62 m (Supplementary material, Table S9 ). The major coastal locations of disagreement lie along the rocky cliffs on the northern coast of the study region. This is primarily due to the presence of moisture and regular wetting of the scarp face of the rocky surfaces by waves. Due to this, the rocky regions along the coast are classified into the seaside area, whereas in reality, it belongs to the landside. On the other hand, coastal plain areas in the SW region show minimum misclassification because of the presence of defined waterline between wet and dry beach sand. The consistency analysis along the entire complex coast of Thiruvananthapuram shows that the 90.34% of match between two coastlines is encountered inside a pixel size out of which 61.52% are within half pixel ( Table 3 ). The modified reflectance characteristics in the rocky cliff areas mainly led to incorrect classification.
To reduce the overall RMSE error for Thiruvananthapuram coast, the coastline feature is also extracted separately for rocky cliff and coastal plain regions. The threshold values at various stages of the ruleset are found to be very different for both the cases indicating the distinctness of coastal features (Supplementary material, Table S10 ). The results are also assessed for both sections (coastal plains and rocky cliffs) of the study region. The average inconsistency between the two coastlines is 2.34 m in coastal plain areas (Supplementary material, Table S11 ), whereas it is 3.42 m in rocky cliff areas (Supplementary material, Table S12 ). The separate analysis for both location produces coastline results with very high precision. Total 99.92 and 98.23% of coastline consistencies lie with 1 pixel for coastal plain and rocky cliff area, respectively ( Table 4 ). The inconsistencies more than 1 pixel size are encountered for very few locations in both types of coasts. The overall results show that the method is more accurate for straight coastal beaches as reflectance variations are minimal in this case and the higher accuracy can also be achieved along the regions with complex coastal structures by analysising them separately.
Conclusions
This paper suggests a new method to demarcate coastline semi-automatically from satellite images using the OBIA approach. This study used the object-oriented technique of image classification, with a set of rules based on spatial and spectral characteristics for the identification and extraction of the instantaneous coastline. The developed ruleset for the classification requires the optimum selection of threshold value at various stages that depend on the expert knowledge and the image reflectance characteristics. The method has been tested for both simple and complex coastal areas to inspect the applicability of the proposed method for different types of coasts. The results indicate 95 to 99% accuracy, irrespective of the satellite and sensor. The experimental results show that the efficiency of this method highly depends on the coast's geomorphic features and type of beach present along the coast. The obtained coastline line is accurate on the open beach areas and along coastal plains where human interventions are least. Less accurate results are obtained at the rocky coast and beach bay locations due to higher variation in the spectral reflectance and due to the human interventions (such as sea wall) on the beach. Beach should have minimum interference with the backshore and hinterlands to obtain optimum coastline or improved accuracy. The robustness of the proposed method has also been assessed by testing it on two satellite datasets having high and medium spatial resolution. The higher spectral variations of high-resolution images make the task of threshold extraction difficult and time taking but produce more precise results. On the other hand, for mediumresolution images, such difficulties are observed to be minimum, but the precision reduces. The accuracy evaluation of the obtained results shows the resemblance among manually delineated and semi-automatically derived coastline profiles in both simple and complex coasts. The developed OBIAbased coastline delineation technique can considerably decrease the time and cost of conventional coastline extraction method that depends entirely on visual understanding and interpretation. This method is found to be robust in areas having complex coastal geomorphic features and also while using satellite images of varying spatial resolution. 
